Abstract: This paper assesses the long-term wind energy potential at three selected sites, namely Mersing and Kijal on the east coast of peninsular Malaysia and Kudat in Sabah. The influence of the El Niño-Southern Oscillation on reanalysis and meteorological wind data was assessed using the dimensionless median absolute deviation and wavelet coherency analysis. It was found that the wind strength increases during La Niña events and decreases during El Niño events. Linear sectoral regression was used to predict the long-term wind speed based on the 35 years of extended Climate Forecast System Reanalysis data and 10 years of meteorological wind data. The long-term monthly energy production was computed based on the 1.5 MW Goldwind wind turbine power curve. The measured wind data were extrapolated to the selected wind turbine default hub height (70 m.a.s.l) by using the site-specific power law indexed. The results showed that the capacity factor is higher during the Northeast monsoon (21.32%) compared to the Southwest monsoon season (3.71%) in Mersing. Moreover, the capacity factor in Kijal is also higher during the Northeast monsoon (10.66%) than during the Southwest monsoon (5.19%). However, in Kudat the capacity factor during the Southwest monsoon (36.42%) is higher compared to the Northeast monsoon (24.61%). This is due to the tail-effect of tropical storms that occur during this season in the South China Sea and Pacific Ocean.
Introduction
Malaysia is one of several Southeast Asian countries that are looking at the potential of wind as a new renewable energy resource to generate electricity. According to the literature [1] [2] [3] [4] , the east coast of the peninsular and the northern part of Sabah are the most windy areas in Malaysia. However, this literature utilizes short term data, that is, around one to three years of data from selected sites. As described in [5, 6] , wind potential analysis should consider more than 20 years of data to reflect the average conditions present over the lifetime of a wind project. The short term wind data are insufficient to characterize the inter-annual and monsoonal variability of the wind speed [7] . Therefore, a robust predictive approach should be conducted, especially at a site with a limited dataset. In long-term wind analysis, several impacts such as monsoonal season and diurnal should be deeply studied. The impact analysis is vital to determine when the resource is highly available for generating electricity. The other impact that should be taken into account and is synonymous with a long-term study is the El Niño-Southern Oscillation (ENSO) impact on the wind speed and energy generation.
The temperature fluctuations between the atmosphere and the ocean in the east-central equatorial Pacific are known as the ENSO cycle [8, 9] . These fluctuations have a major effect on ocean processes, The wind mast measurements were carried out in accordance with IEC 61400-12-1 [14] . The selection of the sites was based on the several previous studies that confirmed the potential of those sites for wind energy projects in Malaysia [15] [16] [17] [18] . Most of the literature indicates that the east coast of peninsular Malaysia and the northern part of Sabah are the most promising sites for wind energy in the country. In addition, the site selection was also based on field inspection trips and preliminary wind resource maps. The factors which are considered in the selection of sites were: the difficulty of access, the availability of grid connection, and the wind quality. Every mast was mounted with more than one anemometer to assess the power law indexes. The mounting of these additional anemometer followed the IEC 61400-12-1 [14] as well as procedures recommended in the IEA guidelines [19] . The maximum height of the wind mast tower was different for every site, ranging from 60 m to 70 m (m.a.g.l). Higher measurement heights reduces the uncertainty of the vertical extrapolation of the wind speed. The data are checked and validated on a monthly basis to detect possible defects in time and to limit any data losses. The data losses and outliers could affect the result of the wind resource assessment [20] . The data validation methods were employed based on the methods suggested by [21, 22] . The wind mast measurements were carried out in accordance with IEC 61400-12-1 [14] . The selection of the sites was based on the several previous studies that confirmed the potential of those sites for wind energy projects in Malaysia [15] [16] [17] [18] . Most of the literature indicates that the east coast of peninsular Malaysia and the northern part of Sabah are the most promising sites for wind energy in the country. In addition, the site selection was also based on field inspection trips and preliminary wind resource maps. The factors which are considered in the selection of sites were: the difficulty of access, the availability of grid connection, and the wind quality. Every mast was mounted with more than one anemometer to assess the power law indexes. The mounting of these additional anemometer followed the IEC 61400-12-1 [14] as well as procedures recommended in the IEA guidelines [19] . The maximum height of the wind mast tower was different for every site, ranging from 60 m to 70 m (m.a.g.l). Higher measurement heights reduces the uncertainty of the vertical extrapolation of the wind speed. The data are checked and validated on a monthly basis to detect possible defects in time and to limit any data losses. The data losses and outliers could affect the result of the wind resource assessment [20] . The data validation methods were employed based on the methods suggested by [21, 22] .
The extended Climate Forecast System Reanalysis (CFSRE) is an extended version of the dataset from the first and second version of the CFSR. It was developed by the United States National Oceanic and Atmospheric Administration (NOAA), United States National Centers for Environmental Prediction (NCEP), and United States National Weather Service (NWS). The CFSR is generated based on the following factors [23] : (i) coupling of atmosphere and ocean during the generation of the six hour guess field; (ii) an interactive sea-ice model (for iced region); (iii) surface model; and (iv) assimilation of satellite radiances. The spatial resolution is 0.5 degrees, and the data are available from 1979 to the present. The correlation between CFSR data with the measured data is in the range 0.81-0.91 [24] . A similar range of correlations from several studies on the CFSR data for different countries is summarized in [25] . The value is quite acceptable and shows the suitability for wind data prediction or climate analysis. In addition, higher spatial and temporal resolutions of the CFSR datasets allow better representation of the local wind climate by the high levels of correlation with the data records obtained from the anemometers installed on local masts [26] . To start the study of climate, especially in relation to the impact of ENSO, at least around 35 years of wind data is needed [27] . Therefore, in this paper, 35 years of data from 1983 to 2017 were utilized.
Wavelet Coherence
Many signals, such as atmospheric parameters, are irregular and non-stationary. Compared to Fourier transform, Wavelet transform was chosen because of its ability to achieve a variable resolution in one domain (either frequency or time) and multi-resolution in the other domain [28] . The spectral behaviour of a time series also can be studied using the Wavelet transform. Hence, to investigate the relationships of wind speed and MEI (ENSO index), the Wavelet Coherence (WTC) is proposed. The equation for WTC is as follows [29] :
where S is the smoothing operator which is essential in coherence analysis. The smoothing operator is given by [29] :
where the smoothing operator along the wavelet scale is denoted as S scale and the smoothing operator in time is denoted as S time .
The smoothing operators are designed so that they have the same footprint as the wavelet used. The suitable S scale and S time for Morlet wavelet are respectively given by:
where Π is the rectangular function and, c 1 and c 2 are the normalization constant. The factor 0.6 is an empirically determined scale decorrelation length for the Morlet wavelet [30] . c 1 and c 2 are determined numerically after the computation of the two convolutions (the filters c 1 Π(0.6s) and c 2 e −n 2 /2s 2 must have unit weight).
The evaluation of the phase difference φ XY n is conducted to determine the delay between two time series (wind speed and MEI data) at some specific time and scale [30] :
where S s − W XY n (s) and S s − W XY n (s) are the real and the imaginary parts of the smoothed cross wavelet transform, respectively. φ XY n (s) is not defined when S s − W XY n (s) is equal to zero.
Vertical Extrapolation
The wind data should be vertically predicted, as the hub height of the selected wind turbine is higher than the height of the measurement mast. The common method used to compute the vertical wind data is by using the power law method, which is also known as the Hellmann power law. The Hellmann power law, as expressed by [31, 32] , is given in the following:
in which v is the wind speed to height z, v 1 is the reference wind speed to reference height z 1 , v 2 is the desired wind speed to desired height z 2 and α is the power law index (PLI).
Energy Production
A Goldwind wind turbine (WTG) with capacity of 1.5 MW was selected for energy analysis as it is classified as a class III wind turbine which is suitable for application in low wind speed regions. The cut-in and rated wind speed for the wind turbine is 3.0 m/s and 13 m/s, respectively. The hub height for both wind turbines is 70 m from ground level. As the selected wind turbines in this study are the pitch-regulated type, thus, the power and the energy produced by WTG were calculated by using the following equations [3] :
Power:
Energy:
where P r is the wind turbine rated power, v c is the cut-in wind speed, v r is the rated wind speed, v f is the cut-out wind speed, n ∑ i=0 a i v i is the fifth order polynomial model, and f (v) is the wind speed distribution.
Accuracy Metrics
The study used three types of accuracy metric to look at the performance of every derived model and artificial data. The metrics include the coefficient of determination, the root mean square error, and the mean absolute error.
The Coefficient of Determination
The coefficient of determination, r, is a formula used in interpreting the proportion of variability in the data set that is taken into account by the selected statistical model. r gives some information about the goodness of fit of the chosen model. A higher r represents a better fit using the theoretical or empirical function, and the highest value is 1 [33] . The equation of r is presented as the following:
where, v a,i is the observed data at specific period, i, v b,i is the artificial data, v is the mean value of v i , and n is the number of all observed wind data.
The Root Mean Square Error
The root mean square error (RMSE) gives the deviation between the artificial and the measured values. Usually, the RMSE is better at revealing model performance differences [34] . This method is widely applied to determine the accuracy, including the studies done by [35, 36] . A low RMSE indicates a successful prediction, where the RMSE should be as close to zero as possible, and it is expressed as the following:
where, v b,i is the artificial value and v a,i is the observed data.
Mean Absolute Error
Mean absolute error (MAE) is the average over the verification sample of the absolute values of the differences between forecasts and the corresponding observations. It measures the accuracy of continuous variables. The MAE is a linear score, which means that all the individual differences are weighted equally in the average [37] . The equation is given as follows:
Results and Discussion

The Variability of CFSRE and MMD Data
The variability of both CFSRE and MMD in conjunction with MEI index analysis during the Southwest monsoon (SWM) and Northeast monsoon (NEM) were assessed using the dimensionless median absolute deviation (DMAD) and Wavelet coherency analysis. The SWM, also known as the dry season occurred from May to September, while the NEM (wet season) occurred from November to March. During the NEM season (Figure 2 ), both CFSRE and MMD for all sites show an increment in wind speed from their median level, while a decrement occurred during the SWM season (Figure 3) . Similar findings regarding the variability of wind speed during both monsoons in Malaysia was also reported by [2, 4, 38, 39] . Usually, higher precipitation with strong wind speed occurs during the NEM season compared to the SWM. In addition, the precipitation and wind strength would be reduced by the existence of El Niño and increased with La Niña.
The strength of an ENSO event based on the MEI index is identified as per the classification in [40] . El Niño strength is classified as Very Strong El Niño (VSE), Strong El Niño (SE), Moderate El Niño (ME) and Weak El Niño (WE). La Niña strengths are Strong La Niña (SL), Moderate La Niña (ML) and Weak La Niña (WL). During a SE, the wind speed is usually less than the normal range, but it was noticed that during a VSE, all sites experienced mostly higher wind speeds. It is important to mention that as each ENSO event has unique lineaments in terms of specific pattern changes, timing and intensity, the ENSO impacts on wind speed are always different for each event.
In order to study the relationship between the wind speed and ENSO, the Wavelet coherency is evaluated here for the MMD DMAD, CFSRE DMAD and MEI data series (see Figure 4) . The values derived using the WTC vary between 0 and 1. The closer the WTC is to 1 the more coherencies there is between the time series. The horizontal axis is the time scale (in years) and the vertical axis is the period (1/frequency). The cone-shaped line is the cone of influence, which indicates the region affected by the edge effect. The 5% significance level against red noise is shown as a thick contour. The coherency ranges were defined based on a color code from dark blue (low coherency, close to zero) to yellow (high coherency, close to one). Moreover, black arrows indicate the phase difference between two sets of time series data which were only plotted for coherence equal or more than 0.5. The arrow pointing to the right mean that the variables are in phase. The arrow pointing to the right is in-phase, and is anti-phase when pointing to the left. The wind speed leading the ENSO index by 90 • points straight down, while it is lagging when it points straight up. 
The Wind Speed Prediction
The measured wind mast data only covers a short period of around one to three years. Therefore, to study the long-term wind energy potential, data prediction should be conducted. The data 
The measured wind mast data only covers a short period of around one to three years. Therefore, to study the long-term wind energy potential, data prediction should be conducted. The data prediction adopted sectoral regression by using a Measure-Correlate Predict (MCP) approach. MCP is widely used in establishing long-term wind statistics using limited wind data from the measured site and the long-term wind data from nearby sites. The concurrent measured and nearby long-term wind data (CFSRE and MMD) were utilized to generate the transfer function. Based on the generic transfer function, the predicted data can be generated using the nearby long-term data as a reference. There are many types of MCP approaches, including the linear regression method [41, 42] and matrix method [43, 44] . Despite the various available MCP methods, linear regression is the most widely used method in the wind industry, presumably due to its straight forwardness and effectiveness [25] . Therefore, the linear sectoral regression was used to predict the long-term data. By using this regression, the concurrent data were grouped into different 30 • sectors based on the wind direction. The available data on the sector was correlated and used to derive the linear transfer function. The residual model is also included, where the zero mean Gaussian distribution model [45] , e~N (0,s), was adopted. The neglect of residual in linear regression prediction can lead to 10% of erroneously as mentioned in [46] . The parameters of linear regression were estimated by a least squares algorithm. Table 2 shows the r, MAE and RMSE results for concurrent CFSRE and MMD data with measured wind mast data. It is shown that the MCP with CFSRE is more accurate and worked well with the measured wind mast data. The results may be influenced by geographical factors as the CFSRE data point was situated near to the site where the mast tower was installed, while the MMD station was located far from the mast site. The correlation coefficient for MCP-CFSRE is in between 0.4174-0.4599, indicating a close to moderately strong relationship between the variables [47] . The wind RMSE and MAE of MCP-CFSRE also shows better results compared to MCP-MMD. The MAE is the average value of the residuals. The Durbin-Watson (DW) statistic tests the residuals to determine if there is any significant correlation. Since the p-value is less than 0.05, there is an indication of possible serial correlation at the 95.0% confidence level. The Weibull distribution function is used to identify the precision of the range and distribution of the wind speed for all concurrent data. The scale parameter is used to measure the wind speed characteristics of the distribution, and it is proportional to the mean wind speed. The shape parameter, k, specifies the shape of a distribution. A small value of k signifies variable winds, while constant winds are characterized by a larger k. The value of shape parameter was equal to or more than 2.00, indicating that the wind speed data tended to be uniformly distributed over a relative range of wind speeds. The higher the value of the wind speed, the more the Weibull curve will skew to the right. This skewed curve means there is more potential for wind power and energy density. Table 3 presents the concurrent period of mean wind speed and Weibull parameters for all data. It shows that the CFSRE has a higher value compared to the measured mast and MMD data. However, the predicted data of MCP-CFSRE and MCP-MMD is close to the measured mast data (see Figure 5 ). This proves that the sectoral regression method is a robust method for long-term wind prediction. 
Long Term Wind Energy Potential
Based on the MCP-CFSRE and MCP-MMD, the gross long-term monthly capacity factor of the Goldwind 1.5 MW WTG was computed and plotted. The monthly capacity factor (CF) was computed based on different monsoon seasons, NEM and SWM, and plotted on the same graph. The CF for MCP-CFSRE is computed for a 35-year period as the reference data for CFSRE is available from 1983 to 2017. For MCP-MMD, the period is 10 years, from 2006 to 2016. The CF refers to the ratio of estimated and nominal annual energy production. The energy production at specific periods (monthly or seasons) for the selected Goldwind 1.5 MW wind turbine was simulated at selected sites where the wind measurement masts were installed. After the value of annual energy production (AEP) had been determined, the CF was then computed as a percentage. The best CF that is feasible and promising for an energy project is 20% and above. In fact, a CF of 20% has been determined as the best CF to attain profitability of wind energy project [48] .
The level of monthly averaged CF for both MCP-CFSRE and MCP-MMD during the NEM and SWM seasons show the same trend (See Figure 6) . The CF during the NEM is higher compared to the SWM for Kijal and Mersing. In Kijal the average CF is 10.66% during the NEM and 5.19% during the SWM, while the average CF in Mersing during the NEM and SWM are 21.32% and 3.71%, respectively. However, in Kudat, where the monthly averaged CF is almost the same for both the SWM and NEM season. In addition, the monsoonal averaged CF at Kudat during the SWM (36.42%) is slightly higher compared to the NEM (24.61%). This can be explained by their geographical location. Kijal and Mersing are located on the east coast of peninsular Malaysia. Therefore, during the SWM, the southwesterly wind is blocked by the Titiwangsa range, which reduces the impact of the monsoon. However, based on a report by [49] , during the SWM tropical storms exist in the South China Sea and Pacific Ocean, thus, there are tail-effects on the wind strength in the northern part of Sabah. This will increase the energy production of wind turbines during this period (see Table 4 ). 
Conclusions and Recommendation
In this study, the long-term wind energy variability of selected sites in Malaysia was investigated. The data that was utilized in the analysis are: (i) one-year data that newly measured the three selected sites, (ii) ten years of data obtained from meteorological data, and (iii) 35 years extended CFSR reanalysis wind data. The findings of this paper are as follows:
a.
The influences of ENSO on the wind speed pattern of selected sites were assessed using the DMAD method during the Southwest monsoon (SWM) and Northeast monsoon (NEM). During the NEM season, both CFSRE and MMD for all sites show an increment in wind speed from their median levels, while a decrement occurred during the SWM season. b.
The wavelet coherency analysis is useful to study the interaction and the relative phase between two time series. The relationships between wind speed and MEI time series data showed the strongest correlation at around the 32-64 months period band for CFSRE-MEI and above 31 months for MMD-MEI coherency. c.
Long-term wind energy production was determined by averaging the 35 years (MCP-CFSRE) and 10 years (MCP-MMD) of computed capacity factor (CF). The averaged CF during the NEM was higher compared to the SWM for Kijal and Mersing. In Kijal the average CF is 10.66% during the NEM and 5.19% during the SWM, while the average CF in Mersing during NEM and SWM are 21.32% and 3.71% respectively. However, the result is different for Kudat where the monthly CF is almost the same for both the SWM and NEM season. The average CF at Kudat during the SWM (36.42%) is slightly higher compared to the NEM (24.61%). d.
The ENSO (MEI index) has an influence on the variability of wind speed (CFSRE and MMD) in Malaysia, which also directly affects the projected energy production.
